We estimate the impact of the Mexican conditional cash transfer program on the time mothers and older sisters spend taking care of children younger than 3.
Introduction
In recent years, the economic case for public investment in Early Childhood Development (ECD) has become increasingly forceful. Carneiro and Heckman (2003) argue that investments in the early years have higher returns than investments later on in life because of the existence of dynamic complementarities in the learning process: early learning fosters and facilitates later learning. Moreover, remediating early disadvantages later may be prohibitively costly (Cunha and Heckman 2007) . In both developed and developing countries, low ECD outcomes-often linked to poor family environments-are associated with inadequate school readiness and lower school performance ( Because these resources are often scarce in impoverished rural environments, there is scope for Conditional Cash Transfer (CCT) programs-such as the Progresa program in Mexico-to improve the circumstances in which children from bene…ciary families begin their lives. Even if CCT programs are not speci…cally designed as ECD interventions per se, the monetary incentives they provide are likely to a¤ect child rearing practices within a household through changes in the intra-household allocation of time to various activities generated by income and substitution e¤ects. Moreover, the additional bene…ts they provide-in the form of nutritional supplements, health monitoring, and educational talks covering best health, hygiene and nutrition practices (the so-called "pláticas")-can also a¤ect child care provision through raising awareness and increasing knowledge.
In this paper, we investigate whether Progresa a¤ects child care provision through one speci…c pathway-namely, a re-allocation of time given over to child care amongst household members. We exploit time use data on the randomized Progresa evaluation sample to semiparametrically identify the impact of the program on participation and on the extent of participation in child care activities for mothers and sisters (ages 12 to 17) of under 3 year old children. We focus the analysis on mothers and their older daughters as they are the two main child care providers in the household. Moreover, since transfers increase with grade and are larger for girls than boys at secondary school, daughters of secondary school age make the family eligible for receiving the largest transfers, conditional on their school attendance. This strengthens the case for larger economic incentives to enhance substitution e¤ects in the allocation of time devoted to child care between mothers and their older daughters. Estimates support the existence of such substitution e¤ect. We …nd a 14% increase in mother provided child care in treatment households with teenagers 12 to 17 and children less than 3 years old. In turn, these older daughters reduce their child care participation by 36% and increase their school participation by 10%. Overall, total household time to child care increases, which implies net increases in child care quantity.
The contribution of this study is twofold. Methodologically, we exploit the experimental nature of the Progresa evaluation data to obtain a semiparametric estimate of treatment on time allocation. We apply the Lewbel (2000) estimator for qualitative response models to binary and ordered data, and argue that it o¤ers a consistent estimate of the program impacts on intra-household time allocation decisions. Cogneau and Maurin (2001) and Goux and Maurin (2005) are, to the best of our knowledge, the only existing empirical applications of this method to date. In our case, in addition to the interest in avoiding parametric assumptions, the use of this method is motivated by the seek for robustness in the estimation of limited dependent variables and by the presence of non-classical measurement errors.
In terms of …ndings, the analysis provides evidence that Progresa increases human capital accumulation both by keeping teenage girls in school and through more and "better" (mother provided) child care, according to the literature on biology, psychology and economics of education. For example, Case and Paxson (2001) and provide empirical evidence of the important role the biological mother-as opposed to the stepmother-plays in the adequate investment in children's health and education. In the case of Progresa, bene…ciary mothers may also increase their knowledge on parenting through the interaction with medical sta¤ at the health centers and by attending the educational talks. Hence, linking bene…ts to school attendance can simultaneously improve the quantity and quality of child care provided in the household.
The interest of economists in child care arrangements initially revolved around the responsiveness of female labor supply and child care demand to job related child care subsidizing policies (Heckman 1974; Michalopoulos et al. 1992 ; Averett et al. 1997 ).
Since Blau and Robins (1988) , a number of studies have addressed family labor supply, fertility and child care provision decisions within an intra-household time allocation framework (Mueller 1984; Tiefenthaler 1997) . Following the expansion of CCT interventions worldwide, an increasingly extensive literature has developed around the impacts of these programs on child health and nutrition-see Lagarde Macours et al. 2008 ). This paper contributes to both literatures by shedding some light on one of the mechanisms-namely, changes in household time allocation-through which CCT programs can a¤ect child care provision and in turn, ECD.
The remainder of the paper is organized as follows. The next section describes the Progresa program, the experimental design and the data. In Section 3, we discuss the potential mechanisms through which the program can a¤ect time allocated to child care.
In Section 4, we present the Lewbel (2000) semiparametric estimator and discuss identi…cation. Results are in Section 5 and Section 6 concludes.
The Rural Progresa Program and the Experiment

The Progresa Program
The Mexican government established the Progresa CCT program in 1997 in order to break the inter-generational transmission of poverty by alleviating current poverty while investing in the human capital of the next generation. 1 The program provides …nancial incentives (cash) to parents to invest in the health, nutrition and education of their chil- Cash transfers from Progresa are given to the female head of the household and are conditional on children attending school, family members obtaining preventive medical care, and female heads attending the "pláticas". 4 They come bimonthly in two forms.
The …rst, received by all bene…ciary households, is a …x cash stipend of 90 pesos per month (in 1997 prices) intended for families to spend on more and better nutrition. It is complemented with nutritional supplements and immunization directed to 0 to 2 year olds, and to pregnant and lactating women. The second is an educational grant given to each child younger than 18 and enrolled in school between the third grade of primary school and the third grade (last) of secondary school conditional on attending school a minimum of 85% of the time and on not repeating a grade more than twice. The educational scholarship varies by grade and gender. It rises substantially after graduation from primary school and is higher for girls than boys during secondary school. The rates vary from 60 pesos per month for children enrolled in third grade of primary to 225 pesos per month for females enrolled in the third year of secondary school. Hence, households with more female children enrolled in higher grades are eligible for larger transfers compared to similar households with male children enrolled, or children enrolled in lower grades. Bene…ciary children also receive money for school supplies once a year during secondary school, and twice a year during primary school.
In order to prevent individual migration into the household, only children who were living in the household at the time of incorporation are eligible for the school transfers.
Children born into the household will be eligible for future educational transfers once they reach 9 years old and enter the third grade of primary school. Finally, total transfers for any given household are capped at a pre-determined upper limit of 550 pesos per month.
The cap implies that a household cannot receive an unlimited amount by increasing the number of children enrolled in school. It also implicitly implies that enrolling more than three older children (per household) in school will not increase the total amount of transfers received by the household. There appears to have been no e¤ect of the program on fertility rates or family structure (Stecklov et al. 2007 ).
On average, cash transfers from Progresa represent over 20% of total household income. Skou…as (2005) discusses the program at length and provides a review of its impacts.
Experimental Design and Data
The Mexican Government committed to a rigorous evaluation of the program using a controlled-randomized design. Given budgetary and logistical constraints, the Govern-ment could not enroll all eligible families in the country simultaneously and had to phase in the enrollment of entire communities over time instead. As part of the program's national scale up, the Government randomly assigned communities in the …rst seven states to be phased in, to treatment (320 communities) and control (186 communities) groups.
Eligible households in treatment communities began receiving bene…ts in March/April of 1998, while eligible households in control communities were incorporated in November/December of 1999. In order to minimize anticipation e¤ects, households in control communities were not informed that Progresa would provide bene…ts to them until two months before incorporation. Behrman and Todd (1999) con…rm that the original randomization balanced the control and treatment communities, and Attanasio et al. (2011) explicitly test but …nd no evidence of anticipation e¤ects amongst control households.
The data used in this paper comes from the Progresa rural evaluation surveys, the collected additional data on time use for all household members older than eight. 5 By then, treatment households had enjoyed bene…ts for over a year, while no control household had yet received transfers. This allows us to obtain an estimate of the average treatment e¤ect on time devoted to child care.
We construct a dataset of mothers older than 18 years of age living in eligible households in May 1999. We then match each mother to the characteristics and time allocation of her older daughter younger than 18 and still living in the household. We use time 5 Parker and Skou…as (2000) and Rubio-Codina (2010) provide further details on these data. RubioCodina (2010) estimates the impacts of the program on intra-household time allocation but does not speci…cally focus on time to child care.
use data to construct our main dependent variables. Speci…cally, the question on time devoted to child care reads: "how many minutes did household member i devote yesterday to the care of small children, the elderly or the sick?". To narrow the scope of the question to the care of young children, we restrict the sample of analysis to mothers of children younger than 3 living in households where there are no elderly or sick members that might require care. Given the data available, this implies excluding households with:
(i) elders older than 65 that did not engage in any paid or unpaid work activity during the week before the interview; and (ii) members older than 6 that reported being unable to perform regular activities during the month prior to the interview. 6 The …nal sample consists of 4,036 mothers (2,571 treatment and 1,465 control) with children younger than 3. This represents 34% of all eligible households originally classi…ed as poor. 7 Approximately 37% of these women are also mothers of a teenager-976 in treatment households and 536 in control households-and 24%-636 treatments and 343 controls-have a 12 to 17 year old daughter. Note that the proportion of mothers with different o¤spring compositions is balanced in treatment and control households and remains similar to the randomized distribution: 60% treatment and 40% control. This suggests that the potential for sample selection and sample composition biases is negligible. 6 Although the program has improved self-reported health status for children and adults (Gertler and argue that dropping these households does not bias our estimates because: (i) they only represent 7% and 2% of the households in the estimation sample, respectively; (ii) these proportions are balanced between treatment and control groups; and (iii) parametric estimates are robust to keeping these households in. 7 We do not use "densi…ed" households-i.e. the set of wealthier and older households that were deemed eligible later-because their process of incorporation in the program is less well documented and many su¤ered substantial administrative delays in the receipt of bene…ts (Hoddinott and Skou…as 2004) .
Because households were categorized as "densi…ed" in both treatment and control communities and under the same criteria, excluding them does not compromise the internal consistency of our estimates.
In Table I 
Progresa and Child Care Provision
According to traditional household models, family utility is maximized when household members allocate their time to the production of those commodities in which they have a comparative advantage (Becker 1973 These patterns in the allocation of time devoted to child care could be framed into di¤erent types of household models, such as the "separate spheres" bargaining model (Lundberg and Pollak 1993) , or collective models (Chiappori 1988; Browning et al. 2010 ), or even a standard unitary household model. Each speci…c set up would allow modeling the possible e¤ects of Progresa on the intra-household allocation of time using interior or corner solutions to account for the fact that child care is a female (wife/mother) activity.
The objective of this paper is not to determine which model …ts the data better but rather to estimate reduced form solutions (compatible with di¤erent theoretical set ups) and identify the impacts of the intervention on time allocated to child care.
We focus on the allocation of time to child care by the mother and her …rst 12 to 17 years old daughter because: (i) they are the two main caregivers in the household, (ii) households with teenage girls enrolled in secondary school are eligible to receive the largest transfer amounts, and (iii) the transfer is given directly to the household female head, who is likely to be the mother. All of these suggest that the impacts of the program on child care provision are likely to be largest amongst mothers and their older daughters. 8 We consider that the mother allocates her time between child care and leisure, and her …rst daughter's time between child care, schooling, and leisure. She chooses the optimal levels to maximize her utility function-which is a function of total time to child care, her and her daughter's leisure, and her daughter's schooling-subject to a budget constraint, and to her and her daughter's time constraints. In this stylized household, the Progresa intervention amounts to:
(i) an increase in the mother's non-labor income given the nutritional grant.
(ii) the provision of a minimum level of maternal care, through increased awareness, knowledge and access, given the required attendance to the "pláticas", preventive health visits and the nutritional supplements.
(iii) a reduction in the price of schooling given the educational grant that the 12 to 17 year old daughter receives conditional on attendance. This implies that time in child care is more expensive relative to time in school for daughters in treatment households.
The budget constraint in treatment households thus integrates the change in the price of schooling and the unconditional nutritional grant. Assuming interior solutions, each one of these intervention components result in:
(i) an ambiguous e¤ect on total maternal child care. If child care is assumed a normal good, maternal child care provision increases with income controlled by the mother 8 We assume that market child care services are unavailable in these disadvantaged rural communities.
through an income e¤ect. However, because child care requires maternal time as an input factor, increases in maternal income might increase her leisure, and hence reduce her time devoted to child care.
(ii) direct increases in the total quantity of child care provided.
(iii.a) increases in the daughter's time to school through the own-substitution e¤ect because of the reduction in the price of schooling.
(iii.b) reductions in the daughter's time allocated to child care through the own-substitution e¤ect, assuming the daughter's child care and schooling times are substitutes.
(iii.c) increases in maternal child care time through the cross-substitution e¤ect, given her and her …rst daughter's time are substitute inputs in the production of child care.
In all treatment households, maternal time allocated to child care can be a¤ected by the nutritional grant (income e¤ect) and by the compliance with the program requirements (preventive health visits and attendance at "pláticas"). However, cross-substitution e¤ects in child care time (e¤ect iii.c) would only arise amongst those mothers whose daughters are eligible to receive the educational grant. In the empirical exercise, we will exploit the exogenous variation introduced by the random assignment of households (or rather communities) to treatment and control groups, and heterogeneity in mother's o¤spring to disentangle the cross-substitution e¤ect from the composite of the other two e¤ects (income e¤ect and compliance with program requirements). This composite e¤ect will be a residual in our empirical speci…cation and its components unidenti…able.
Estimation and Identi…cation
The central question explored in this paper is to identify empirically whether there have been changes in time allocated to child care in the household as a result of the intervention and understand the underlying mechanisms at play. In this section, we present some preliminary evidence, lay out the empirical speci…cation and discuss identi…cation.
Preliminary Evidence and Empirical Speci…cation
We start by comparing the means of the dependent variables of interest in the treatment and control groups in May 1999. 9 Results in Table II show that, conditioning on having a teenager aged 12 to 17, mothers in the treatment group have higher participation rates in child care than mothers in the control group although the di¤erence, of 4.9 percentage points, is not statistically signi…cant. For …rst daughters aged 12 to 17, there is a 6.9 points signi…cant reduction in child care participation and a 7.9 points signi…cant increase in school participation given treatment. The comparison of raw means shows no signi…cant di¤erences in the amount of time devoted to any of the activities considered, conditional on participation.
We next estimate the e¤ect of Progresa on hours to child care provided by mothers and their …rst teenage daughters, controlling for maternal, household and community characteristics. 10 Table III presents OLS and Tobit (left-censoring at zero) estimates. 9 We cannot test the exogeneity of treatment by comparing baseline time allocation patterns between treatments and controls due to lack of data. Randomization should however guarantee that they were not statistically di¤erent. 10 We include these covariates in the regression to reduce residual variance with respect to the simple comparison of raw means shown in Table II . They are: maternal age, age squared, years of education, ethnicity, head of the household status and whether she is a paid worker; …rst daughter's education (in years); baseline and contemporary household demographic composition; baseline assets (dirt ‡oor, Some would argue that OLS is preferable to Tobit on the basis that the zeros in time use data represent infrequencies rather than censoring of observations, given the short period of reference of the data collected (Stewart 2009 ). As shown in the last row of Table III, 49% of the mothers in control households and 79% of their …rst 12 to 17 year old daughters report zero time to child care over the day before the interview. As such, we consider the infrequency argument to hold only partially and present results on both OLS and Tobit for comparison purposes. Indeed, there are no dramatic di¤erences (in terms of signs of e¤ects) between both approaches although Tobit o¤ers more precise estimates. Results
show that maternal time to child care has increased, even if not signi…cantly (columns 1 and 2), while that provided by the …rst daughter has decreased (last two columns).
The latter e¤ect is signi…cant in Tobit speci…cations. As shown in columns 3 to 6, the coe¢ cient on the interaction of the treatment dummy with having children ages 12 to 17 is positive and signi…cant (Tobit model), suggesting that mothers substitute their older children in the provision of child care given treatment. The negative coe¢ cient on the presence of teenage o¤spring in the household further supports this hypothesis.
These …ndings, consistent with the descriptive statistics on means reported in Table   II , are not very signi…cant statistically. Note, however, that these results correspond to average program e¤ects across various treatments. As explained in Section 2, eligible households in treated villages can receive di¤erent amounts of transfers depending on family structure and, to a smaller extent, on when they took up the program (variation occurs amongst treated villages because of administrative-i.e. random-delays). Thus, we next estimate the e¤ects of the program controlling for the heterogenous cash transfers electricity and farm size); and community characteristics (male agricultural wage in the community, distance to large urban center, distance to secondary school, presence of pre-school and presence of junior high school imparted via TV, or "telesecundaria"in the community).
potentially received by a household since the …rst transfer payment received. This amounts to estimating the "intention to treat" e¤ect but allowing for heterogeneity in treatment.
Denoting v i the total transfer amount the household has potentially received since taking up the program, we estimate the treatment e¤ects on child care provision using:
whereỹ i is the number of hours individual i allocates to child care, T i is a binary variable equal to 1 if i lives in an original treatment community and 0 otherwise; v i is the total transfer amount the household has potentially received since taking up the program; and the fx ri g r=1;::;R are R individual, household and community characteristics listed above.
While all poor households in treated villages are eligible for bene…ts (T i = 1), the program rules are such that the cash bene…ts they are eligible to get di¤er notably according to the education levels of children, and because of delays in program take-up across treatment villages. Thus, the total average e¤ect of the program on i is the average of 0 v i + 1 T i . Note that interaction terms between v i and T i are implicitly included since, by construction, v i T i = v i . This implies that any omitted interaction terms cannot appear in the error term " i .
In a second speci…cation, we interact the household treatment status with dummies controlling for the mothers' o¤spring composition to capture heterogeneous responses across mothers living in di¤erent household environments:
where S In this speci…cation, the coe¢ cient on the treatment dummy, 1 , is the remaining e¤ect of the program on the mother's time to child care. It combines the e¤ects of the nutritional grant (income e¤ect) and of the compliance with the program requirements (preventive health visits and attendance to the "pláticas") that a¤ect all mothers in treated households-regardless of their o¤spring composition.
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In the event of cross-substitution e¤ects between mothers and …rst daughters, we should also expect reductions in the amount of time the oldest daughter spends taking care of her younger siblings. To test this, we estimate equation (1) on child care participation of the …rst daughters-aged 12 to 17-of the mothers in the sample. 12 We additionally estimate equation (1) on their school participation and leisure time so as to obtain a broader picture of their time allocation. Similarly, we also estimate equations (1) and (2) on maternal leisure. 11 These e¤ects could be confounded with other factors-such as maternal education-also correlated with household composition. However, the random allocation of bene…ts and the fact that the subsample of treatment and control mothers is balanced (see Table I ) dismisses such concern. 12 As shown in Table I , the number of daughters aged 12 to 17 is balanced between mothers in the treatment and control groups. Over 70% of the mothers in the estimation sample have only one daughter 12 to 17 years old.
Identi…cation and Semiparametric Estimation
Ifỹ i is observed, equations (1) and (2) can be estimated by OLS and o¤er consistent estimates of all parameters, provided that all right hand side variables are exogenous.
Exogeneity of the treatment variable T i is granted by the randomization; exogeneity of demographic characteristics S i can be assumed. OLS is still consistent if " i includes some classical measurement error on the dependent variable-namely, an additive error independent of all explanatory variables. However, estimating (1) and (2) by OLS using hours of care as observed in the survey as dependent variables, we obtain insigni…cant parameters 0 and 1 (results not shown). Such imprecision is indicative of potential important measurement errors, which are common in time use data.
Indeed, the empirical distribution of the dependent variables of interest, time to child care, hinges to possible non-classical measurement error, such as that resulting from rounding time to an integer number of hours. As shown in Figure 2 , the distribution of time (in hours) to child care provided by the mother and her …rst teenage daughter present a discrete support on speci…c values, mainly hours and half hours. In such cases, a measurement error ! i , possibly correlated with explanatory variables, may a¤ect the observed outcome: y i =ỹ i + ! i . This generates an endogeneity bias in the estimation of (1) or (2) by OLS since ! i will be correlated with some explanatory variables. The non-independent error ! i is very problematic in this type of data. While it is not possible to test whether such non-classical measurement error ! i exists, the empirical distribution of y i , plotted in Figure 2 , with mass points, bunching and multiple modes suggests so.
For this reason and in order to get rid of non-classical measurement error, we choose to discretize the observed outcomes even if at the cost of "losing" some information. This amounts to de…ning an observed binary outcome: y i = I fỹ i >0g . Assuming that measure-ment errors ! i on the "continuous" variableỹ i are such that they do not change this discrete outcome-i.e. assuming that the non-classical measurement error on the number of hours does not set hours to zero when they are non zero and viceversa, or equivalently I fỹ i >0g = I f y i >0g -this discretization is su¢ cient to identify coe¢ cients consistently. Then, one can use the binary outcome model 1 f y i >0g = I
to identify parameters. We also take a less restrictive approach which categorizes total hours into a limited number of intervals de…ned sensitively to the underlying thresholds in the empirical distribution of hours and guaranteeing enough power in each cell.
Parametric identi…cation of (1) and (2) is possible using standard probit and ordered probit models under the assumption that the error term of the latent variable follows a normal distribution and the normalization of a parameter ( 0 = 1, for example). However, parametric identi…cation relies too heavily on the chosen distribution of the error term. In our setting, additional problems arise given that the error term is likely heteroscedastic for two reasons: (i) we are testing for heterogeneous treatment e¤ects across households with di¤erent demographic compositions; and (ii) Progresa sampled a large number of randomized communities (clusters), each consisting of relatively few poor correlated households. As such, maximum likelihood will only be valid as the number of observations in the cluster tends to in…nity with the cluster unit …xed.
We have tested-and generally rejected-normality using Conditional Moments and other standard tests (results available upon request). Consequently, we estimate these discrete choice models semiparametrically. Semiparametric estimation has the advantage of not imposing any particular distribution (normal, logistic, etc.) on the latent variable errors and allow them to su¤er from conditional heteroscedasticity of unknown form. We opt for the method of Lewbel (2000) because of the suitability of our data for such purpose.
Indeed, we can exploit the randomization of treatment in the data to justify the partial independence assumption (Assumption A.2 below), which is at the core of the method.
Let us denote y, v and " the column vectors of y i and v i and " i , respectively. X = (T; x 1 ; ::; x r ) is the matrix of right hand side variables including T , but without v also called the "special regressor"; and we denote = [ 1 ; 1 ; :::; R ]. Normalizing 0 = 1,
Lewbel (2000) considers the binary choice model,
and the following assumptions:
A.1: Continuity: the conditional distribution v given X is continuous.
A.2: Partial Independence: the conditional distribution of " is independent of v given X,
A.4: Uncorrelated errors: E("X) = 0, as in linear models.
Under assumptions A.1 to A. 4, Lewbel (2000) shows that can be estimated (with root N consistency) by an OLS regression of y on X, where
and f (vjX) denotes the conditional probability density function of v given X. If the distribution of v is unknown, a nonparametric …rst stage is needed to estimate it. Alternatively, an ordered data estimator can be used under more stringent conditions. For simplicity and precision in the estimation, we will assume that f (vjX) is normally distributed as in Lewbel (2006) . Lewbel (2000) shows that the proposed methodology extends to ordered response models with K choices de…ned as:
where 0 = 1 and K = +1. In this case, the transformation of the dependent variable is written as:
In our application, the chosen "special regressor" v i is the potential transfer amount by Behrman and Todd (1999) for the evaluation sample, and in Table I for our subsample 13 Lewbel ( 
is an exogenous variable varying according to two random elements: (i) the administrative di¢ culties that delayed the reception of bene…ts amongst bene…ciaries; and (ii) any departure in household demographics and children's school attendance in May 1999 from the situation predicted using baseline information. Note that u i 6 = 0 implies that v i is a nondeterministic function of other regressors in x 1i ; ::; x ri , as is required for identi…cation.
The large support condition (A.3) requires that, given X, the support of X ". However, we are in a particular case in which identi…cation is restored because the large support assumption is valid on the "treated only" (T = 1) and we can assume that the distribution of " is independent of T given all other X's. (2007) show that when the large support assumption is not valid for some X, the parameters are only set-identi…ed. This means that there are several vectors and conditional distributions F " ("jv; T; X) that can be observationally equivalent.
Magnac and Maurin
In our case, since the large support assumption is valid when treatment is one (T = 1), the identi…ed set of coe¢ cients that is coherent with the probability P (y i = 1jv i ; T i = 1; X)
is a singleton (in some sense can be identi…ed from the treated only). Because of the randomization, we can assume that " is independent of T and v given x 1 ; ::; x r , then F " ("jv; T; x 1 ; ::; x r ) = F " ("jx 1 ; ::; x r ) which means that the distribution function of " is independent of whether the household is being treated or not. Then, the method allows to nonparametrically identify the distribution of " on the treated (T = 1) and thus all parameters.
Assumptions (A.1) to (A.4) imply that the conditional probability of success, pr(y = 1jv; X), increases monotonically and varies from 0 to 1 over the support [v L ; v H ] of v. As this is admittedly very restrictive in empirical applications, Magnac and Maurin (2007) propose an alternative assumption to (A.3): a symmetry condition on the tails of the errors ". Let y v L = X 0 + v L + " be the propensity of success for individuals with the smallest v, v L ; and y v H = (X 0 + v H + ") the propensity of failure for individuals with the largest v, v H . Then, the symmetry condition can be expressed as:
A.5 requires that the propensity of success y v L (or pr(y = 1jv L ; X)) and the propensity of failure y v H (or pr(y = 0jv H ; X)) are identically distributed. If so, the Lewbel (2000) estimator is unbiased. If symmetry of the tails is not satis…ed, it is always possible to choose conditional distributions for y v L and y v H -by trimming outliers in the distribution of v-in such a way that symmetry is more likely satis…ed (Magnac and Maurin 2007).
Moreover, Khan and Tamer (2010) have shown that the rate of convergence of the Lewbel (2000) estimator can be slower than the parametric one and that numerical instability can happen depending on tail distributions. We have thus devoted some particular attention to the support condition and have tested the stability and robustness of our estimator to trimming parameters (results available upon request).
Finally, note that in this setting, monotonicity of the conditional probability of success pr(y = 1jv; X) over the support of v amounts to assuming that: (i) the mother's child care time and the …rst daughter's schooling time are nondecreasing functions of the cumulative potential transfers v i ; and (ii) the …rst daughter's child care time is a nonincreasing function of v i . We have discussed the theoretical validity of these assumptions in Section 3 and have "tested" its empirical validity (results available upon request).
Results and Discussion
We estimate the e¤ect of Progresa on participation in child care, and on the extent of participation in child care and leisure for mothers of children under 3 (Tables IV and V) and for the older daughter-ages 12 to 17-of these mothers. We de…ne leisure as 24 hours minus total time devoted to other (work and non-work) activities. It includes time spent sleeping, eating and socializing. For the …rst daughter, we also estimate the program impact on participation and on the extent of participation in school (Tables VI and VII) .
In each table we …rst report OLS estimates (Models A), then probit or ordered probit estimates depending on the nature of the dependent variable (Models B), and …nally the semiparametric (Lewbel) estimates (Models C).
All regressions include the explanatory variables listed in Section 4 but estimates are robust to the exclusion of covariates. We also trim extremely low values of the conditional probability density function of v i as they imply, by construction, outlier observations of the transformed dependent variable y . Table IV show no signi…cant e¤ect of treatment on maternal participation in child care when all mothers are pooled together neither parametrically nor semiparametrically.
Maternal Time
However, when treatment is interacted with whether the mother has o¤spring aged 12 to 17 (Models 2A to 2C), the e¤ect becomes positive and signi…cant. Moreover, the coe¢ cient on having 12 to 17 year old children alone is negative and signi…cant. We interpret these …ndings as indicative of: (i) a cross-substitution e¤ect between mothers and their older children in child care provision; and (ii) Progresa attenuates the crosssubstitution e¤ect. The semiparametric mean marginal e¤ect of Progresa on child care participation for mothers with children younger than 3 and 12 to 17 teenagers is 7.15
percentage points (point estimate of 0.44 as shown in Model 2C). 15 This results in a 13.9 14 Results are robust to a rede…nition of these categories. 15 For dichotomous outcomes, we compute the marginal e¤ects on the estimated coe¢ cients as:
, where M ij is the e¤ect of switching the j th binary variable, x j , from 0 to 1 on the probability that y i equals 1; andẑ 1 i is the value of the index v i x i^ when the j-th binary variable is set to 1, and similarly forẑ 0 i when the value of j is set to 0.Ĝ(:) is the estimated cumulative distribution function of the probability of y i given z i . We nonparametrically percentage increase in child care participation, given an initial participation rate of 51.4% amongst these women. We further interact treatment with a dummy equal to 1 if the mother has a daughter-as opposed to a child-aged 12 to 17 and …nd that the coe¢ cient on this interaction is also positive and signi…cant (Model 3C in Table IV ). Table V 
Panel I in
First Daughter' s Time
Next, we turn our attention to the allocation of time by …rst daughters. Panels I in Tables   VI and VII participation to child care. The latter variable takes four di¤erent values: k 2 f0; 1; 2; 3g = fno time devoted to child care, up to one hour, between one and two hours, more than two hoursg.
The semiparametric estimates in Table VI Table   VII ). A plausible concern is that these reductions are in fact driven by an increase in school attendance of other siblings in primary school age. While this hypothesis is not testable given that almost all teenage girls with siblings younger than 3 also have siblings in primary school age (6 to 11), it is well-known that the program had little e¤ect on primary school enrolment (Schultz 2004 ).
About 69% of girls in the sample living in households with children younger than 3 that engage in child care activities do not attend school: of these, 3% report that they are not in school because they have to help in the house. 16 Moreover, conditional on enrollment, another 4% report having to take care of their siblings as one of the reasons why they miss school. Other more frequent reasons are teacher absenteeism, illness and care of the sick.
These …gures are somewhat indicative that child care and schooling are substitute activities for teenage girls. Not surprisingly, we …nd a signi…cant increase in school participation (attendance and doing homework) for …rst daughters aged 12 to 17 (Model C in Panel II, Table VI ). The estimated coe¢ cient of 0.07 translates into a marginal e¤ect of 4.1 percentage points, or a 9.8% increase in schooling. This is consistent with the positive 16 Other, more common, reasons why they are not in school are the lack of money (47%), that they do not like it (16%), or that the school is too far (8%).
program impact on female secondary school enrolment reported in Schultz (2004) and Parker and Skou…as (2000) . Lewbel estimates in Panels II and III in Table VII show that while the increase in the extent of time allocated to schooling activities by …rst daughters aged 12 to 17 is not signi…cant, the reduction in the extent of leisure time is. This might suggest that these girls reduce (or stop) their contribution to child care in the household to take up school full time, as a result of the reduction in the price of schooling. Alternatively or in addition, the intervention may be a¤ecting the allocation of teenage girls'
time to other activities and in particular, to other household chores as documented in Rubio-Codina (2010). 17 
Quantity and Quality of Care
We start this subsection by investigating whether mothers (and possibly other household members) just or more than substitute for their daughters'child care provision. To this end, we estimate equation (2) on total hours devoted to child care at the household level.
We de…ne total household hours to child care as the sum of hours spent in child care
by each household member and categorize the variable as k = f0; 1; :::; 6g = fno time allocated to child care, up to one hour, one to two hours, two to three hours, three to …ve, …ve to seven, more than seveng.
If mothers and their 12 to 17 year old daughters are the only two household members taking care of the very young in the household and if mothers fully substitute for the time to child care previously provided by their older daughters, then we should expect no e¤ect on total household hours. On the other hand, if mothers (and possibly other 17 As a robustness check, we re-estimate all previous regressions on the restricted sample of mums and older daughters whose time information refers to weekdays. The estimated coe¢ cients (available upon request) are very similar-albeit less precisely estimated-to the ones reported here.
household members) increase the amount of time they devote to child care by more than the amount previously devoted by teenage girls, then 3 in equation (2) should be positive and signi…cant. A negative and signi…cant 3 would imply the opposite e¤ect and as a consequence, a reduction in total household hours to child care in treatment households.
Estimates in Table VIII show a signi…cant increase in the extent of total household hours to child care in treatment households with children under 3 and teenagers aged 12 to 17. This implies that Progresa fosters net increases in total child care provided within the household.
The next natural question is whether mothers alone are more than compensating for care time previously provided by their older daughter or whether other household members are also contributing. Table IX shows results from estimating equation (2) using the share of child care hours provided by household member m over total household hours as the dependent variable. We consider the following groups of household members: the mothers of 0 to 3 years old; other adult women; adult men; brothers aged 8 to 11 and 12 to 17;
and sisters aged 8 to 11 and 12 to 17 of under 3 year old children.
Results are consistent with the premise that the mother is the household member providing a larger share of child care in substitution of the older daughter and overall.
The coe¢ cient on treatment interacted with girls (daughters) 12 to 17 on the share of mother's time is positive and almost signi…cant at the 10%. The coe¢ cient on treatment for the share of time devoted to child care for daughters aged 12 to 17 continues to be negative and signi…cant. Surprisingly, daughters aged 8 to 11-who are the sisters of the 12 to 17 year old daughter-also seem to increase their share of child care provision in treatment households. Because of the low participation rates for this group (around 3%)
we are inclined to think that this e¤ect is driven by a few outliers.
Hence, and as long as we believe that the mother is more productive in the provision of child care, these …ndings are suggestive that the program involves gains not only in the quantity but also in the quality of the care given to the very young. On the other hand, one could argue that environmental factors (the education of the caregiver, for example) matter more than biological attachment. In the current context, this would imply that older daughters are better caregivers as they are, on average, more educated than their mothers. However, when we interact the treatment dummy with years of education of the mother we …nd stronger substitution e¤ects amongst more educated mothers (results available upon request). This result con…rms that the increase in quantity of care is, on average, likely to go hand in hand with increases in quality.
18 18 We are using more recent rounds of the Progresa evaluation data to investigate whether increases in maternal time to child care do improve child cognitive and non-cognitive development. Because we have to rely on a di¤erent identi…cation strategy, we consider this issue to be beyond the scope of this paper.
Conclusion
This paper provides semiparametric estimates of the e¤ect of Progresa on child care provision. We have …rst shown that child care is almost exclusively provided by females in the rural communities where the program operates and have argued that the intervention might lead to increases in the quantity of care provided within the household.
The nutritional supplements, health checkups and "pláticas" result in direct increases in the quantity of child care mothers provide and young children receive. Moreover, the conditional-on-attendance education grants result in a reallocation of time to "better paying" activities given the change in the relative shadow values of household members'time it entails. As a consequence, increases in maternal care in substitution for care previously provided by her older daughter were expected. These increases can arguably result in more and better care if the mother is assumed to be a better caregiver.
We have applied the Lewbel (2000) semiparametric method and provided evidence in support of such mother-daughter substitution e¤ect in the provision of child care. While mothers with 0 to 3 and 12 to 17 year old children are signi…cantly less likely to participate in child care, this behavior is reversed given treatment. In addition, older daughters devote their freed up time to schooling. We also observe an increase in total household time given over to child care in these households. These …ndings suggest that-by linking bene…ts to school attendance-the Progresa program fosters human capital accumulation both through keeping teenage girls in school and through more and "better" child care.
Increased maternal care is likely to lead to better development in the early ages and increased school readiness. Note that it would have been unfeasible to increase the levels of child care provided by directly conditioning the reception of bene…ts to maternal time allocated to child care, as it is not possible to monitor how much time mothers spend with their children.
Interestingly, we have not found signi…cant program impacts on child care provision amongst mothers of children younger than 12 nor on the pooled sample of mothers. This suggests two things: …rst, the program mainly alters the household allocation of time devoted to child care through the reduction in the price of schooling (educational grant).
Second, the educational talks and preventive care do not in ‡uence maternal child care provision as much as desired. Gertler and Fernald (2004) point at the inadequate development of the "pláticas" as an explanation of the inexistent program impacts on cognitive
development. An alternative explanation could be that mothers in control communities also attend these talks, which would confound the estimated treatment e¤ect. However, it seems unlikely that households in control communities know about them, let alone travel to treatment communities to attend. In any event, and given the important role of ECD in long run individual and societal welfare, CCT programs could re-consider introducing more intense parental and community training activities oriented to promote child stimulation and early education. 
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Notes: *significant at 5%. SE clustered at the community level in parentheses. All regressions include the following covariates: maternal age, age squared, years of education, ethnicity, head of the household status and whether she is a paid worker; the first daughter's year of education; baseline and contemporary household demographic composition; baseline household assets (dirt floor, electricity and farm size); male agricultural wage in the community at baseline, distance to large urban center, distance to secondary school, presence of pre-school and presence of junior high school imparted via TV ("telesecundaria") in the community. Notes: +significant at 10%, *significant at 5%, **significant at 1%. SE in parentheses. Outliers trimmed at different points of Fv and f(v|x) as indicated. Fv is the empirical distribution of v, and f(v|x) denotes the conditional probability density function of v given x, as estimated from the data (predicted). Models 2C and 3C labels relate to the labels in Table IV (Lewbel estimates). All regressions include the list of covariates in Table III. I. Child Care Participation =1 Notes: +significant at 10%, *significant at 5%, **significant at 1%. SE in parentheses. Outliers trimmed at different points of Fv and f(v|x) as indicated. Fv is the empirical distribution of v, and f(v|x) denotes the conditional probability density function of v given x, as estimated from the data (predicted). Model C labels relate to the labels in Table V 
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